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Abstract
Resources such as FrameNet, which provide sets of semantic frame definitions and
annotated textual data that maps into the evoked frames, are important for several NLP
tasks. However, they are expensive to build and, consequently, are unavailable for
many languages and domains. Thus, approaches able to induce semantic frames in an
unsupervised manner are highly valuable. In this paper we approach that task from a
network perspective as a community detection problem that targets the identification
of groups of verb instances that evoke the same semantic frame and verb arguments
that play the same semantic role. To do so, we apply a graph-clustering algorithm to a
graph with contextualized representations of verb instances or arguments as nodes
connected by edges if the distance between them is below a threshold that defines
the granularity of the induced frames. By applying this approach to the benchmark
dataset defined in the context of SemEval 2019, we outperformed all of the previous
approaches to the task, achieving the current state-of-the-art performance.
Keywords: Semantic frames, Semantic roles, Contextualized representations,
Community detection, Graph clustering
Introduction
A word may have different senses depending on the context in which it appears. Con-
versely, different words that appear in the same context are typically related in some
manner. Fillmore’s theory of frame semantics (Fillmore 1976) states that these contexts,
which are based on recurring experiences, can be represented in the form of semantic
frames. A semantic frame is defined as a coherent structure of related concepts, such that
without knowledge of all of them, one does not have complete knowledge of any of them.
Using less abstract terms and partially relying on Minsky’s definition in the context of
knowledge representation and artificial intelligence (Minsky 1974), a semantic frame is
a conceptual structure that describes a situation or entity, as well as its participants or
properties. These participants are typically associated with the roles that they play in the
context of the frame. Semantic roles that are specific to the frame are called frame slots
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or elements. Additionally, from a linguistic perspective, the participants can also be asso-
ciated with generic semantic roles that are not specific to the frame, but still describe the
roles played in the context of the event represented by the semantic frame. As an exam-
ple, consider the sentence “Mary sold a car to John”. We can say that this sentence, and
especially the verb sell, evokes the commercial transaction frame. Furthermore, we can
identify three participants –Mary, John, and a car – which fill the seller, buyer, and goods
frame slots and play the agent, recipient, and theme semantic roles, respectively.
Considering that semantic frames are able to represent different contexts, which can be
used to disambiguate word senses and identify words that are related, sets of frame def-
initions and annotated datasets that map text into the semantic frames it evokes are
important resources for multiple Natural Language Processing (NLP) tasks (Aharon et al.
2010, Das et al. 2014, Shen and Lapata 2007). Among such resources, FrameNet (Baker
et al. 1998) is the richest and most descriptive by far, providing a set of more than 1,200
generic semantic frames, as well as over 200,000 annotated sentences in English. However,
this kindof resource is expensive and time-consuming to build, since both the definition of
the frames and the annotation of sentences require expertise in the underlying knowledge.
Furthermore, it is difficult to decide both the granularity and the domains to consider
while defining the frames. Thus, such resources only exist for a reduced amount of lan-
guages (Boas and (ed.) 2009) and even English lacks domain-specific resources inmultiple
domains. Contrasting with frames and their slots, semantic roles are limited and more
generic. Furthermore, although their number is not consensual in the literature, there is
a set of core semantic roles which is common to every theory Palmer et al. (2005), (2017).
However, textual data annotated for semantic roles is also rare for less common languages.
An approach to alleviate the effort in the process of building semantic frame resources is
to induce the frames evoked by a collection of documents using unsupervised approaches.
However, most research on this subject is focused on verb arguments and the induction
of their semantic roles (e.g. Lang and Lapata 2014, Titov and Klementiev 2012, Titov and
Khoddam 2015) or on the induction of semantic frames from verbs with two arguments
(e.g. Materna 2012, Ustalov et al. 2018). To address this issue and to define a benchmark
for future research, a shared task was proposed in the context of SemEval 2019 (Qasem-
iZadeh et al. 2019). This task was focused on the unsupervised induction of FrameNet-like
frames through the grouping of verbs and their arguments according to the requirements
of three different subtasks. The first one focused on clustering instances of verbs accord-
ing to the semantic frame they evoke while the others focused on clustering the arguments
of those verbs, both according to the frame-specific slots they fill and the generic semantic
roles they play.
In a previous study (Ribeiro et al. 2019), we approached the first subtask from a network
perspective. More specifically, we applied a graph-clustering approach to a network with
contextualized representations of verb instances as nodes, to identify communities of verb
instances that evoke the same frame. Furthermore, we controlled the granularity of the frames
using a distance threshold for edge creation. That is, we connected two nodes in the
network with an edge if the cosine distance between them was below a certain threshold.
In the present work, we extend that study to the remaining subtasks by using a simi-
lar approach to identify groups of verb arguments that have the same semantic role and
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combining them with the semantic frame evoked by the corresponding verb to identify
groups of arguments that fill the same frame-specific slot. Furthermore, we explore differ-
ent approaches to generate the contextualized representations of both verb instances and
their arguments, including their combination. Finally, we also compare the performance
of multiple community detection algorithms.
In the remainder of the paper, we start by providing an overview of previous approaches
to the unsupervised induction of semantic frames and semantic roles, in “Related work”.
Then, in “Semantic frame induction approach”, we describe our semantic frame induc-
tion approach. “Experimental setup” describes our experimental setup, including the used
dataset, the evaluation approach, and implementation details. The results of our exper-
iments are presented and discussed in “Results & discussion”. Finally, in “Conclusions”
section, we summarize the contributions of this article and provide pointers for future
work.
Related work
Before the shared task in the context of SemEval 2019, there were already some
approaches to unsupervised semantic frame induction. For instance, LDA-Frames
(Materna 2012) relied on topic modeling and, more specifically, on Latent Dirichlet Allo-
cation (LDA) (Blei et al. 2003), to jointly induce semantic frames and their frame-specific
semantic roles. On the other hand, Ustalov et al. (2018) approached the induction of
frames through the triclustering of Subject-Verb-Object (SVO) triples using the Wat-
set fuzzy graph-clustering algorithm (Ustalov et al. 2017), which induces word-sense
information in the graph before clustering. However, although these approaches are
able to induce semantic frames, they can only be applied to verb instances with certain
characteristics, such as a fixed number of arguments.
In comparison to the induction of semantic frames, the unsupervised induction of
semantic roles has captured more attention and, consequently, research on that task
is more extensive. Still, most of the studies on the task focused on the induction of
PropBank-style semantic roles (Palmer et al. 2005). These differ from FrameNet frame
slots, since they are centered on verbs instead of semantic frames and there is a small
number of predefined argument roles. For instance, Titov and Klementiev (2012) repre-
sented arguments using a set of syntactic features and then explored the use of twomodels
based on the Chinese Restaurant Process (Ferguson 1973), achieving similar performance.
One of the models induces semantic roles for each predicate independently using an iter-
ative clustering approach, starting with one cluster per argument. The other considers a
distance-dependent prior shared among predicates to place the arguments in a similarity
graph and uses a label propagation approach to induce the semantic roles. This approach
was later generalized by Modi et al. (2012) to the induction of the FrameNet frames
evoked by verbs and the frame-specific slots filled by their arguments. However, given
the high granularity of FrameNet frames, the performance was lower than that observed
for the original application to semantic role labeling, especially for the induction of the
semantic frames evoked by the verbs.
Lang and Lapata (2014) approached the PropBank-style semantic role labeling task
using a graph partitioning approach over a multilayer graph. Each layer corresponds to
a feature, that is, each pair of nodes, which correspond to the arguments, is connected
through multiple edges, each corresponding to their similarity according to that feature.
Ribeiro et al. Applied Network Science            (2020) 5:69 Page 4 of 32
Then, two clustering approaches were considered, achieving similar results. The first is
an adaptation of agglomerative clustering to the multilayer setting. Instead of combin-
ing the similarity values into a single score, it clusters the arguments in each layer and
then combines the obtained scores into a multilayer score. Clusters with greater mul-
tilayer similarity are then merged together, with larger clusters being prioritized. The
second clustering approach consists of propagating cluster membership along the graph
edges until convergence.
In contrast to he previous approaches, Titov and Khoddam (2015) proposed a
reconstruction-error maximization framework which comprises two main components:
an auto-encoder, responsible for labeling arguments with induced roles, and a reconstruc-
tion model, which takes the induced roles and predicts the argument that fills each role,
that is, it tries to reconstruct the input. The learning error is obtained by comparing the
reconstructed argument to the original one. This enables the use of a larger feature set and
more complex features, similarly to supervised approaches that typically perform better.
Since we are approaching the subtasks defined in the context of SemEval 2009 Task 2:
Unsupervised Lexical Semantic Frame Induction (QasemiZadeh et al. 2019), it is impor-
tant to provide an overview on the task and to describe the competing approaches in
further detail. Overall, the task focused on the unsupervised induction of the FrameNet-
like frames evoked by sentences extracted from the Penn Treebank 3.0 PTB (Marcus et al.
1993) corpus. More specifically, it focused on the grouping of the verb instances present
in those sentences, as well as of the arguments of those verbs, according to the require-
ments of three different subtasks. The first one focused on clustering instances of verbs
according to the semantic frame they evoke while the others focused on clustering the
arguments, both according to the frame-specific slots they fill and the generic semantic
roles they play. While the gold standard for semantic frames and their slots was based on
a subset of the frames defined in FrameNet (Baker et al. 1998), the generic semantic role
annotations used the VerbNet (Palmer et al. 2017) set of labels.
Starting with the subtask of clustering verb instances into semantic frame heads,
Arefyev et al. (2019) outperformed the competition using a two-step agglomerative clus-
tering approach. First, it generates a small set of large clusters containing instances of
verbs which have at least one sense that evokes the same frame. Then, the verb instances
of each cluster are clustered again to distinguish the different frames that are evoked
according to the different senses. In both steps, the generation of the representations of
the instances relies on BERT (Devlin et al. 2019). Nonetheless, while the first step relies on
the contextualized representation given by an empirically selected layer of the model, the
second step uses BERT as a language model to generate possible context words that pro-
vide cues for the sense of the verb instance. To do so, multiple Hearst-like patterns (Hearst
1992) are applied to the sentence in which the verb instance occurs and the context words
correspond to those generated to fill the slots in the patterns. The representation of the
instance is then given by a TF-IDF-weighted average of the representations of the most
probable context words. The number of clusters in the first step was obtained by per-
forming local optimization on the development data while clustering the development
and test data together. In the second step, clusters with less than 20 instances or contain-
ing specific undisclosed verbs were left intact. In the remainder, the number of clusters
was selected to maximize the silhouette score.
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Anwar et al. (2019) used a more simplistic approach based on the agglomerative clus-
tering of contextualized representations of the verb instances. The number of clusters
was defined empirically. In the system submitted for participation in the competition,
the contextualized representations were obtained by concatenating the context-free rep-
resentation of the verb instance obtained using Word2Vec (Mikolov et al. 2013) with the
TF-IDF-weighted average of the representations of the remaining words in the sentence.
However, in a post-evaluation experiment, better results were achieved using the mean of
contextualized representations generated by ELMo (Peters et al. 2018).
Finally, Ribeiro et al. (2019) also relied on contextualized representations of the verb
instances, but used a graph-based approach. They experimented with both the sum of the
representations generated by ELMo (Peters et al. 2018) and those generated by the last
layer of the BERTmodel (Devlin et al. 2019). Better results were achieved with the former.
The contextualized representations are used as the nodes in a graph and connected by a
distance-weighted edge if the cosine distance between them is below a given threshold
based on a function of the mean and standard deviation of the pairwise distances between
the nodes. Finally, the graph clustering algorithm Chinese Whispers (Biemann 2006) is
applied to the graph to identify communities of nodes that evoke the same frame. This
approach achieved high performance on the development data, but did not generalize
well to the test data.
For the subtask of clustering verb arguments into generic semantic roles, both Ribeiro et
al. (2019) and Anwar et al. (2019) achieved their best results by training a logistic regressor
on the development data. As features, both used embedding representations of the argu-
ments – BERT (Devlin et al. 2019) andWord2Vec (Mikolov et al. 2013), respectively – and
handcrafted morphosyntactic features. However, since these are supervised approaches,
they did not qualify for the task. Anwar et al. (2019) explored the application of agglomer-
ative clustering to the same set of features, but were outperformed by Ribeiro et al. (2019),
who used the same approach as for clustering verb instances into semantic frame heads,
but with a different function for computing the edge creation threshold. Finally, for the
subtask of clustering verb arguments into semantic frame slots, all the participants com-
bined the clusters obtained for the other two tasks, which assumes that frame slots are
simply semantic roles in context.
Semantic frame induction approach
Our approach for clustering verb instances into semantic frame heads and verb arguments
into the corresponding semantic roles is summarized in Algorithm 1. It builds on and
generalizes the approach used by Ribeiro et al. (2019) to compete in the shared task in the
context of SemEval, introducing a set of key modifications to improve performance and
the ability to generalize. Overall, it starts by generating a contextualized representation
of each verb or argument instance. These representations are then used as nodes in a
network/graph in which each pair of nodes is connected through an edge if the distance
between them is below a certain threshold that controls granularity. Finally, a community
detection algorithm is applied to the graph to identify groups of verb instances that evoke
the same frame or groups of verb arguments that play the same semantic role.
Below, we describe the steps of the algorithm in further detail. However, before pro-
ceeding, it is important to make some remarks regarding the clustering of verb arguments
into generic semantic roles. In contrast to frames, which may vary in terms of granularity
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and domain according to the context in which they are used, VerbNet semantic roles are
limited in number and can be seen as generic. Thus, given a sufficient amount of labeled
data, approaching the task in a supervised fashion seems more appropriate. This was
confirmed in the context of SemEval, since both Anwar et al. (2019) and Arefyev et al.
((Arefyev et al. 2019)) surpassed the unsupervised approaches using logistic regression.
However, labeled data is not always available, especially for low-resource languages and
domain specific use cases. Thus, approaching the problem in an unsupervised fashion
is still relevant. For that reason and for consistency with the shared task in the context
of SemEval, we explore the use of the same base approach for clustering verb instances
into semantic frame heads and their arguments into generic semantic roles. For grouping
arguments into semantic frame slots, we pair the verb and argument clusters. As stated
in “Related work” section, this approach assumes that slots are simply semantic roles in
context, which is not always true, but is a good approximation.
Contextualized representation
The use of contextualized word representations has led to state-of-the-art performance
on multiple NLP tasks (Devlin et al. 2019). These improve traditional uncontextualized
word embeddings (e.g. Bojanowski et al. 2017, Mikolov et al. 2013, Pennington et al.
2014 ) by including information regarding the whole segment in which a word appears
in its representation. That is, in contrast to uncontextualized approaches, which gener-
ate the same representation for every occurrence of a word, contextualized approaches
generate a different representation for occurences of the same word in different contexts.
This context information is particularly important for semantic frame induction, since it
allows the distinction between different word senses, which evoke different frames. Con-
sequently, as discussed in “Related work” section, all of the approaches used to compete
in the shared task in the context of SemEval relied on contextualized word representa-
tions. Anwar et al. (2019) used representations generated by ELMo Peters et al. (2018),
Arefyev et al. (2019) used representations generated by BERT Devlin et al. (2019), and
Ribeiro et al. (2019) experimented with both. There are other approaches to gener-
ate contextualized word representations, such as GPT (Radford et al. 2018) and XLNet
(Yang et al. 2019). Still, ELMo and BERT are two highly representative approaches.
ELMo (Peters et al. 2018) was one of the first approaches dedicated to the gen-
eration of contextualized word representations. It extends the traditional uncontex-
tualized word representation approaches by passing the generated context-free rep-
resentations through a stack of two bi-directional Long Short-Term (LSTM) units
(Hochreiter and Schmidhuber 1997), which capture the dependencies between each
word and those that surround it. The word representations generated by ELMo provide
information at three levels: the context-free representation of the word and context infor-
mation at two levels, given by the output of each LSTM. The authors have shown that one
of these levels typically provides information concerning the semantic sense of the word,
while the other is more related to syntax. Since these two levels modify the context-free
representation and the value range of the latter is typically wider than those of the con-
text levels, the context information can be summed to the context-free representation to
obtain variations of the word representation according to the context.
Instead of relying on LSTMs, BERT (Devlin et al. 2019) is based on the Transformer
architecture (Vaswani et al. 2017) and currently leads to state-of-the-art results on
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multiple benchmark NLP tasks. It uses token, segment, and positional embeddings as
input and a variable number of self-attention layers in both its encoder and decoder.
When provided a sequence of tokens, it outputs contextualized representations of each
word, as well as a combined representation for the whole sequence. The latter can be con-
nected directly to a classification layer, allowing the weights of the model to be fine-tuned
to a specific task. Additionally, the contextualized representations of each word can be
obtained from any of the self-attention layers. However, in contrast to ELMo, there is no
established relation between the representations generated by each of BERT’s layers and
specific kinds of information. Thus, a common approach is to use the representations
generated by the last self-attention layer of the decoder, since they contain information
from all the layers that precede it.
Although the representations generated by BERT are typically seen as state-of-the-art
word representations, Ribeiro et al. (2019) observed higher performance in their exper-
iments when using ELMo representations. This is probably due to the fact that BERT
representations are not in a linear space in which the cosine distance is appropriate. In
fact, Arefyev et al. (2019) noticed that BERT tends to generate representations of the dif-
ferent forms of the same lexeme that are distant in terms of both Euclidean and cosine
distances. They tried to identify a distance metric that was appropriate for correlating
such representations, but were unsuccessful.
For coverage, we explore the use of contextualized word representations generated by
both ELMo and BERT. However, given the higher performance achieved using ELMo in
previous studies on the task, we perform more thorough experiments to assess the infor-
mation that they are able to provide. In addition to the combination of the information
provided by the three levels of ELMo representations, we also explore the use of each level
independently. This way, we are able to assess which information is actually important for
the task and if it varies for the clustering of verb instances into semantic frame heads and
its arguments into semantic roles.
To generate the contextualized representation of multi-word verb instances or argu-
ments, we use a dependency parser to generate the dependency tree of the corresponding
segment. Then, we identify the head word of the instance, that is, the shallowest of the
words that belong to the instance in the tree, and use the corresponding contextual-
ized representation. From a dependency-based perspective, this word can be seen as a
representative of the instance and it is the one which has direct relations to other ele-
ments in the segment. Furthermore, since we are using representations that capture the
context surrounding each word, the representation of the head word also includes infor-
mation regarding the other words in the instance and is independent from language-
specific grammar rules.
Since the generic semantic roles describe the roles played by the arguments with respect
to the action or state described by the verb that evokes the semantic frame, information
regarding the verb can provide cues for the unsupervised induction of semantic roles.
The contextualized representation of the arguments already includes some information
regarding the verb. However, the importance of the relation between the arguments and
the verb can be made more explicit by also considering the representation of the verb.
The compositionality and geometrical properties that are typically observed among word
vectors are some of their most promising characteristics (Mikolov et al. 2013). We rely on
them in our experiments combining the representations of the arguments with those of
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the corresponding verb. More specifically, we perform experiments in which we sum or
subtract the representation of the verb from that of the argument. The intuition behind
these operations is that the sum represents the combination of the verb and argument
and the subtraction leaves the dependency between them. Additionally, we also consider
a simple concatenation of both representations, which increases the dimensionality of
the embedding space.
There are more complex approaches to combine the representations of verbs and their
arguments. For instance, Modi and Titov (2014) used a neural model to generate event
embeddings from the representations of the verb and arguments that describe the event
and used them in a script modeling task (Modi 2016). Since these event embeddings rep-
resent the whole situation described in a segment, they are more appropriate for semantic
frame induction than semantic role induction. They also require supervised training for
a certain task, which is outside the scope of this work. Thus, we leave the exploration of
additional compositional approaches for future work, together with the fine-tuning of the
ELMo and BERT representations to similarity tasks.
Network creation
Inorder toapproachsemantic frame induction as a community detection problem, wemust
place the verb instances or their arguments in a graph G = (V ,E), with V corresponding
to the set of nodes and E to the set of edges, weighted according to a function w : E → IR.
Thus, we start by creating a node for each verb instance or argument to cluster.
To create the edges, we start by calculating the distance between the contextualized




in G. In Algorithm 1, we kept the distance
function generic to show that any distance metric can be used in the approach. How-







) ∈ V 2, v = v′, with θv,v′ being the angle between v and v′. Among the most common
Algorithm 1 Semantic Frame Induction Approach
Input: S // The set of sentences
Input: I // The set of instances to cluster
Input: FINDHEAD // The function that finds the head token of an instance
Input: EMBED // The contextualized representation approach
Input: DISTANCE // The distance function
Input: SIMILARITY // The similarity function
Input: d // The neighboring threshold
Input: DETECTCOMMUNITIES // The community detection algorithm
Output: C // The set of clusters
1: V ← {EMBED(Si, FINDHEAD(i)) : i ∈ I}
2: D ← {(v, v′, DISTANCE(v, v′) : (v, v′) ∈ V 2, v = v′}
3: W ← {(v, v′, SIMILARITY (v, v′) : (v, v′) ∈ V 2, v = v′}
4: E ← {(v, v′,w) : (v, v′,w) ∈ W ,Dv,v′ < d
}
// w is the weight of the edge
5: G ← (V ,E)
6: C ← DETECTCOMMUNITIES(G)
7: return C
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distance metrics between word vectors, we opted for the cosine distance in detriment of
the Euclidean distance, since the cosine distance is bounded and the magnitude of word
vectors is typically related to the number of occurrences. Thus, the angle between the vec-
tors is a better indicator of the semantic differences between the words. Furthermore, the
Euclidean distance has issues in spaces with high dimensionality (Aggarwal et al. 2001,
Domingos 2012). Still, we performed preliminary experiments to confirm that using the
cosine distance leads to better results than the Euclidean distance.





tance between them is below a certain threshold d, that is, Dv,v′ < d. The definition of
this threshold is particularly important, since it controls the granularity of the induced
frames. Having control over this granularity is important, since it allows us to inducemore
specific or more abstract frames, both of which are relevant in different scenarios. Fur-
thermore, this control allows us to define granularity in a small set of instances and then
induce frames with a similar granularity in a different set. The latter was the main issue
of Ribeiro et al. (2019) approach at the shared task in the context of SemEval, whose per-
formance on the development set did not generalize to the test set. That happened since
the threshold was selected using a function of the statistics of the distribution of pairwise
distances, which vary according to the contexts covered by the datasets and the number
of instances. Hence, and since the test set covered a broader set of contexts, applying the
same function on the development and test sets led to the generation of frames with dif-
ferent granularity. We fix this issue by defining the threshold through local optimization
on the development set and then using the same fixed threshold across sets.
The distance threshold for edge creation discards the direct connections between nodes
that are not close enough when targeting a specific granularity. Still, nodes that are more
similar to each other are expected to be more strongly related to each other. Thus, we
weight the edges between two nodes using a similarity function, attributing higher weight
to edges between more similar nodes. The similarity function is typically inversely corre-
lated to the distance function. However, in Algorithm 1, we kept it generic to show that
it does not necessarily need to be the similarity counterpart of the distance metric. Still,








, with θv,v′ being the angle
between v and v′.
Community detection
Given a network and the need of identifying groups of nodes that share a set of properties,
community detection, or graph clustering, is one of the most used methods. The concept
is simple: to group sets of nodes that are densely connected between them. As a result, the
network is divided in clusters that help us to classify the nodes based on the communities
they belong to. Community detection is a very well-known problem but without univer-
sal solution (Fortunato and Hric 2016, Schaub et al. 2017). Depending on the properties
of the networks and of the algorithms used, the resulting communities can show signifi-
cant differences. Although there is a considerable amount of community detection/graph
clustering algorithms already available, we can only consider those which are able to
deal with weighted networks and that do not require a predefined number of communi-
ties. Given these two criteria, we explore three different algorithms: Chinese Whispers
(Biemann 2006), Louvain Method (Blondel et al. 2008), and Label Propagation (Cordasco
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and Gargano 2010). However, for assessing the relevance of weighting the edges, we also
explore the use of Clauset et al. (2004) Greedy Modularity algorithm, which does not take
the weights into account.
We start by exploring the use of Chinese Whispers (Biemann 2006), which has already
been used for semantic frame induction Ribeiro et al. (2019, 2019). Furthermore, previous
studies have shown that it is able to handle clusters of different sizes, scales well to large
graphs, and typically outperforms other clustering approaches on NLP tasks (Biemann
2006, Ustalov et al. 2017). It is a simple but effective graph-clustering algorithm based
on the idea that nodes that broadcast the same message to their neighbors should be
aggregated. It starts by attributing each node to a different cluster. Then, in each iteration,
the nodes are processed in random order and are attributed to the cluster with the highest
sum of edge weights in their neighborhood. Thus, more importance is given to edges
with higher weight. This process is repeated until there are no changes or the maximum
number of iterations is reached.
The LouvainMethod (Blondel et al. 2008) (or LouvainModularity) is a greedy optimiza-
tion algorithm that runs in two phases, aiming to optimize the modularity of a partition
of a weighted network. Modularity is a quantity that measures the fraction of the edges
in the network that connect nodes of the same type (i.e., within-community edges) minus
the expected value of the same quantity in a network with the same community divisions
but random connections between the nodes (Newman 2004). The modularity can be
either positive or negative, with positive values indicating the possible presence of com-
munity structure (Newman 2006). In the first phase of the Louvain Method, each node
is itself a community and the method starts by optimizing the modularity locally, looking
for maximal modularity between neighbors, generating small communities. This process
ends when it reaches a local maximum, that is, no other combination can improve the
modularity. In the second phase it builds a new network in which the nodes are the com-
munities defined in the previous step. These two phases are repeated iteratively until the
maximum modularity is achieved and a hierarchy of communities is produced.
Similarly to Chinese Whispers, the Label Propagation algorithm by Cordasco and
Gargano (2010) uses the network structure as a guide to detect communities, by propagat-
ing labels along the edges. In the beginning, each node is given a label. Then, at each time
step, each node performs an update function that consists of adopting the label that the
majority of its neighbors has. In a weighted graph, this update function takes into account
the weights of the edges, meaning that a higher weight means the label appears more
often. During this update, if there is more than one possible choice, the node chooses its
next label randomly. This iterative process stops when no node changes its label.
Experimental setup
In this section we describe our experimental setup in terms of dataset and evaluation
approach. Furthermore, we provide implementation details that allow future reproduc-
tion of our experiments.
Dataset
In our experiments, we use the same dataset used in the context of SemEval 2009 Task 2:
Unsupervised Lexical Semantic Frame Induction (QasemiZadeh et al. 2019). This dataset
consists of sentences extracted from the PTB (Marcus et al. 1993) with verbs annotated
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with FrameNet (Baker et al. 1998) frames and arguments annotated with frame slots and
generic semantic roles using the VerbNet format (Palmer et al. 2017). The development
set consists of 600 verb instances with 1,211 arguments labeled for both semantic role
and frame slot. These were extracted from 588 sentences and comprise 41 frames, 20
semantic roles, and 102 frame slots. The test set consists of 4,620 verb instances with
9,466 arguments labeled for semantic role and 9,510 for frame slot. These were extracted
from 3,346 sentences and comprise 149 frames, 32 semantic roles, and 436 frame slots.
Additionally, all the sentences in the dataset are annotated with morphosyntactic
information in the CoNLL-U format (Buchholz and Marsi 2006).
Evaluation approach
For direct comparison with the approaches that competed in the shared task in the con-
text of SemEval 2019, we evaluate our approach using the same metrics used in that task,
namely Purity F1 (Steinbach et al. 2000) and BCubed F1 (Bagga and Baldwin 1998). The
former is the harmonic mean of purity and inverse-purity:
Purity F1 =
2 ∗ Purity ∗ inverse-Purity
Purity + inverse-Purity (1)







|c ∩ g| (2)
whereN is the number of instances,C is the set of clusters generated by the system, andG








|c ∩ g| (3)
Thus, purity metrics focus on the quality of each cluster independently. On the other
hand, BCubed metrics focus on the distribution of instances of the same category across
the clusters. BCubed F1 is the harmonic mean of BCubed precision and recall:
BCubed F1 = 2 ∗ BCubed Precision ∗ BCubed RecallBCubed Precision + BCubed Recall (4)
where BCubed precision is given by








|c ∩ g|2 (5)
and BCubed recall is given by








|c ∩ g|2 (6)
Additionally, we report the number of induced clusters. Since some of the community
detection algorithms we use are nondeterministic, the values we report for these metrics
refer to the mean and standard deviation over 30 runs.
Since we are approaching the problem from a network-based perspective, we also report
the number of edges and the clustering coefficient of the network corresponding to the
neighboring threshold with highest performance in each scenario.
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In addition to the approaches that competed in the shared task in the context of
SemEval, we also compare our approach with a set of baselines that consists of generat-
ing one cluster per verb lemma for the semantic frame head induction task, one cluster
per argument-verb dependency label for semantic role induction, and the pairing of these
two for frame slot induction.
Implementation details
Starting with the contextualized representation of verb instances and their arguments, to
obtain ELMo representations, we used the original model (Peters et al. 2018), as provided
by the AllenNLP package (Gardner et al. 2017), which was trained as a bi-directional lan-
guage model on the 1 Billion Word Benchmark (Chelba et al. 2014). For each instance,
we generated the contextualized embeddings for the corresponding sentence and then
selected the representations of the head token of the instance. The representation is
then given by three vectors of dimensionality 1,024, corresponding to the context-free
representation of the head token and the two levels of context information. To obtain
BERT representations, we used the large uncased model provided by its authors (Devlin
et al. 2019), which was trained on both the BooksCorpus (Zhu et al. 2015) and the
English Wikipedia, not only as a masked language model, also referred to as a Cloze task
(Taylor 1953), but also for a next sentence prediction task. Since, as discussed in the
“Contextualized representation” section, there is no established relation between the rep-
resentations generated by each of BERT’s layers and specific kinds of information, we use
the representations generated by the last self-attention layer of the decoder, which con-
tain information from all the layers that precede it. In the model we use, this layer also
produces a vector of dimensionality 1,024.
Regarding the community detection algorithms, to apply Chinese Whispers, we relied
on (Ustalov and et al. 2018) implementation. We did not use weight regularization and
performed a maximum of 20 iterations. To apply the Louvain Method, we relied on
(Aynaud 2009) implementation, with randomization activated. To apply the GreedyMod-
ularity and Label Propagation algorithms, we used the implementation provided by the
NetworkX package (Hagberg et al. 2004), with the default parameters.
Finally, to obtain the syntactic dependencies used to determine the head token of multi-
word verb instances and arguments, we used the annotations provided with the dataset,
which were obtained automatically using a dependency parser.
Results & discussion
Before starting the presentation and discussion of the results, it is important to make
some remarks: first, in order to limit the number of experiments, we performed
them incrementally. For instance, we only experimented with different community
detection algorithms after identifying the approach for generating contextualized rep-
resentations that leads to the highest performance when using Chinese Whispers.
Consequently, the presentation of the results for each subtask is structured to follow
this incremental approach.
Additionally, we structure this section by starting with the results achieved when
clustering verb instances into semantic frame heads, followed by those achieved when
clustering arguments into semantic roles, and finishing with the clustering of arguments
into semantic frame slots, since it is the combination of the other two. However, we
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combine the results of the three subtasks in a last section, for comparison with the results
reported in previous studies.
Finally, regarding the actual presentation of the results, since the contextualized rep-
resentations may have negative components, the cosine distance varies in the interval
[0, 2]. However, to improve readability and since using higher neighboring thresholds
does not lead to changes in the results, we limit the plots shown in this section to the
interval [0, 1]. Regarding the tables, unless stated otherwise, the results they report are
those achieved using the neighboring threshold that leads to the highest performance in
terms of BCubed F1.
Clustering verb instances into semantic frame heads
For readability, we structure the presentation of the results on this subtask according to
the incremental experiments that we performed on the development data. We start by
discussing the impact of using different representations of the verb, then we discuss the
weighting of the edges, and, finally, we compare the performance of different community
detection algorithms. Last, we discuss the ability of the approach to generalize to the test
data and perform cluster analysis.
Verb representation
Starting with the contextualized representation of verb instances, both Fig. 1a and Table 1
show that, as expected, ELMo representations lead to higher performance than BERT
representations, since the latter are not in a linear space in which the cosine distance
is appropriate. However, when considering the neighboring thresholds that lead to the
best results, the number of clusters generated when using BERT representations agrees
with the number of frames, while it is underestimated when using ELMo representations.
On the one hand, this confirms that the cosine similarity between BERT representations
fails to capture verb instances with similar semantics. On the other hand, it suggests
that when using ELMo representations, the difficulties arise when attempting to perform
more fine-grained distinctions. Finally, ELMo representations are more robust to changes
in the neighboring threshold, as revealed by a wider interval with reduced decrease in
performance around the threshold with highest performance.
Regarding the information provided by the multiple levels included in ELMo represen-
tations, in Fig. 1b and the second block of Table 1, we can see that, independently, the
context-free representation is the most informative of the three and the most robust to
changes in the threshold. The initial drop in the number of clusters is due to its lack of
context information, which makes all the instances of the same verb become connected
as soon as the threshold is higher than zero.
The lower performance of the levels that provide context information on their own
was expected, since they represent changes in the word sense of the verb according to
the context, but lack information regarding the verb itself, which is important for the
identification of semantic frames. Comparing the performance of both levels, we can see
that the level that typically captures the semantic context leads to worse performance
than that which captures syntactic context and even harms performance in combination
with the other levels. However, this can be explained by the fact that the ELMomodel was
trained as a bi-directional language model. Thus, it focuses on generating representations
that allow the identification of the most probable words that follow or precede a given
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Fig. 1 Semantic frame induction results achieved using different contextualized representations of verb
instances. The horizontal axes refer to the neighboring threshold used to create the edges
sequence, which is not directly related to the evoked semantic frames. Furthermore, the
semantic context layer is the closest to the output layer and, consequently, it is more prone
to overfitting to this task. On the other hand, the syntactic context is more generic and,
since the sense of a verb can be related to the syntactic tree in which it occurs, it provides
information that is relevant for the task.
Table 1 Semantic frame induction results achieved using different contextualized representations of
verb instances
d Edges CC Clusters Purity F1 BCubed F1
BERT 0.21 18,945 0.66 41.13±0.56 89.03±1.02 82.76±1.22
Context-Free 0.57 39,441 0.97 22.03±0.31 95.57±0.58 93.35±0.71
Syntactic Context 0.41 27,201 0.80 30.93±0.25 94.32±0.16 91.65±0.20
Semantic Context 0.53 20,660 0.67 24.47±0.52 88.64±0.33 81.92±0.54
Free + Syntactic 0.47 37,913 0.94 22.97±0.41 95.83±0.28 93.66±0.32
All 0.45 21,448 0.73 34.73±0.51 93.93±0.30 91.04±0.59
The first row refers to BERT representations, the second block to the different levels of ELMo representations, and the last block to
combinations of those levels. d refers to the neighboring threshold. CC refers to the clustering coefficient
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Table 2 Semantic frame induction results according to the weighting of the edges
d Edges CC Clusters Purity F1 BCubed F1
Weighted 0.47 37,913 0.94 22.97±0.41 95.83±0.28 93.66±0.32
Unweighted 0.46 37,415 0.93 22.90±0.30 95.77±0.16 93.56±0.31
d refers to the neighboring threshold. CC refers to the clustering coefficient
As shown in Fig. 1c and the third block of Table 1, the highest performance is achieved
when using the combination of the context-free representation and the syntactic context.
Still, the average increase in BCubed F1 in relation to when using the context-free rep-
resentation on its own is of just 0.33 percentage points, which suggests that the context
information is only able to disambiguate a reduced amount of specific cases. However,
the threshold that leads to the highest performance in the combination is lower. This
means that the graph has less edges and consequently, is less connected. Still, the num-
ber of clusters, around 23, is nearly half of the number of frames in the gold standard,
41, which means that the graph should be even less connected. As previously discussed,
since the performance decreases for lower thresholds, this suggests that problems occur
when performing more fine-grained distinctions. Thus, either the representations or the
distance metric are unable to capture all the information required to group the instances
in FrameNet-like frames.
Edgeweighting
Regarding the weighting of the edges, the results in Table 2 show that the difference in
average top performance is of just 0.06 and 0.10 percentage points in terms of Purity F1
and BCubed F1, respectively, which is not significant. This shows that the presence or
absence of the edges is more important for the approach than their weight. In fact, if
the neighboring threshold for creating the edges was not considered, then all the nodes
would be merged into a single cluster, regardless of whether the edges were weighted or
not. Still, in Fig. 2, we can see that using weighted edges slightly increases the robust-
ness of the approach to changes in the neighboring threshold. Consequently, we kept
them in subsequent experiments.
Community detection
Regarding community detection algorithms, the results in Table 3 show that the top per-
formance of the Greedy Modularity algorithm, which is the only one which does not
consider the weights, is 8.68 and 13.21 percentage points below that of the remaining
algorithms in terms Purity F1 and BCubed F1, respectively. However, considering the
Fig. 2 Semantic frame induction results according to the weighting of the edges. The horizontal axes refer to
the neighboring threshold used to create the edges
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Table 3 Semantic frame induction results achieved using different community detection algorithms
d Edges CC Clusters Purity F1 BCubed F1
Chinese Whispers 0.47 37,913 0.94 22.97±0.41 95.83±0.28 93.66±0.32
Louvain Method 0.43 35,491 0.92 23.00±0.00 95.83±0.00 93.66±0.00
Label Propagation 0.41 33,711 0.90 23.00±0.00 95.83±0.00 93.66±0.00
Greedy Modularity 0.31 21,753 0.84 33.00±0.00 87.15±0.00 80.45±0.00
d refers to the neighboring threshold. CC refers to the clustering coefficient
results reported in “Edge weighting” section regarding our experiments with weighted
and unweighted edges, we assume that the lower performance is not due to the fact
that the algorithm does not consider the weights, but rather because it is not appropri-
ate for the task. This inappropriateness is further revealed in Fig. 3, since the Greedy
Modularity algorithm leads to irregular patterns as the neighboring threshold increases,
even in terms of the number of clusters. On the other hand, the remaining algorithms
lead to similar patterns, except for the higher end of the neighboring threshold, in which
the Louvain Method seems more robust. Still, on average, the top performance of the
three algorithms is the same, with some runs of the Chinese Whispers algorithm leading
to higher performance.
Results on test data
Figure 4 shows the results achieved by applying the top performing approaches to the
test data. Although the performance is lower, we can observe patterns similar to those
observed on the development data. The only difference is that there is a slightly more
pronounced performance drop immediately after the threshold that leads to highest per-
formance. Nonetheless, as shown in Table 4, the thresholds selected on development data
are lower and close to the best threshold on test data. This shows that using local opti-
mization to define the neighboring threshold leads to an appropriate generalization of the
granularity of the frames. The largest difference, 0.07, is observed when using the Label
Propagation algorithm, which is also the one with the largest performance drop, 0.93 and
1.19 percentage points in terms of Purity F1 and BCubed F1, respectively, when compar-
ing the use of the development threshold and the best threshold for the test set. On the
other hand, the Chinese Whispers algorithm is the one that generalizes better, achiev-
ing the highest performance on the test set, even when considering the runs with lowest
performance, and a difference of just 0.29 percentage points in terms of average Purity
F1 and 0.36 percentage points in terms of BCubed F1, when comparing the use of the
development threshold and the best threshold for the test set.
Fig. 3 Semantic frame induction results using different community detection algorithms. The horizontal axes
refer to the neighboring threshold used to create the edges
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Table 4 Semantic frame induction results on the test data
d Edges CC Clusters Purity F1 BCubed F1
CW Dev. Threshold 0.47 347,202 0.91 196.63±1.68 79.97±0.21 73.07±0.25
CW Best Threshold 0.49 364,829 0.91 186.33±0.98 80.26±0.17 73.43±0.19
LM Dev. Threshold 0.43 308,781 0.89 198.00±0.00 79.38±0.00 72.40±0.00
LM Best Threshold 0.46 338,312 0.90 181.00±0.00 79.68±0.00 72.89±0.00
LP Dev. Threshold 0.41 288,351 0.88 227.00±0.00 78.74±0.00 71.48±0.00
LP Best Threshold 0.48 355,911 0.91 186.00±0.00 79.67±0.00 72.67±0.00
d refers to the neighboring threshold. CC refers to the clustering coefficient. CW , LM, and LP refer to Chinese Whispers, Louvain
Method, and Label Propagation, respectively
Contrasting with what happened in the development data, the approach overestimates
the number of clusters. However, this can be explained by the fact that the test data
includes more instances of different verbs that evoke the same frame. Once again, this
suggests that either the representations of the verb instances or the distance metric
are unable to capture all the required information. To assess this, we performed some
additional error analysis.
Figure 5 shows the evolution of BCubed precision and recall, as well as purity and
inverse purity, as the neighboring threshold increases. We can see that, as expected,
since the number of clusters decreases with the neighboring threshold, the precision also
decreases, while the recall increases. More interesting is the fact that, before the thresh-
old of highest performance, precision decreases slowly while recall increases fast and,
after that threshold, precision starts decreasing fast. This suggests that many clusters
of verb instances that evoke different semantic frames are merged after that threshold,
which supports the claim that the difficulties arise when attempting to perform more
fine-grained distinctions.
By inspecting the generated clusters, we have identified a set of common errors. First of
all, while according to the annotations there are at least 2 verb instances that evoke each of
the 149 frames, among the generated clusters there are 30 which contain a single instance.
All of these correspond to outliers of larger clusters, which explains the overestimation of
the number of clusters.
Another common error is themerging of verb instances that evoke semantic frames that
are only distinguishable by the type of the arguments. For instance, the semantic frames
building and manufacturing can both be evoked by instances of the verb to build. How-
ever, the first is evoked when the object argument of the verb is a building and the second
when it is, for instance, a type of vehicle. Among others, a similar situation occurs for the
Fig. 4 Semantic frame induction results on the test data. The horizontal axes refer to the neighboring
threshold used to create the edges
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Fig. 5 Precision (purity) and recall (inverse purity) of the top performing semantic frame induction approach
on the test data. The horizontal axes refer to the neighboring threshold used to create the edges
activity start and process start semantic frames. The inability to distinguish between verb
instances that evoke these frames suggests that the contextualized representations of the
verb instances are not capturing enough information regarding the arguments. This is an
issue that can be approached by fine-tuning the representations for the task or by gener-
ating combined embeddings for the verb and its arguments, such as those proposed by
Modi and Titov (2014).
The last common error that we identified is the inability to distinguish between verb
instances that evoke a semantic frame and others that refer to the cause of those seman-
tic frames. This problem occurs, for instance, between the activity start and cause to
start semantic frames, as well as between change position on a scale and cause change
of position on a scale. Many of these cases are hard to distinguish, even for humans.
Thus, the only possible solution that we are able to propose is to check whether fine-
tuning the representations to sentence similarity tasks can lead to improved performance
in these situations.
There are other less common types of error, such as verb instances that evoke the same
semantic frame distribution across multiple clusters, and others which are situational and
for which it is difficult to identify a generic cause.
Clustering arguments into semantic roles
Similarly to the previous subtask, we structure the presentation of the results on this sub-
task according to the incremental experiments that we performed on the development
data. In terms of structure, the only difference in relation to the previous is that after dis-
cussing the representation of the arguments, we discuss the experiments in which we also
included information regarding the verb.
Argument representation
Starting with the contextualized representation of the arguments, in Fig. 6a and Table 5,
we can see that, similarly to what happened when clustering verb instances into semantic
frame heads, using ELMo representations leads to higher performance than using BERT
representations. However, in this case, both lead to a severe underestimation of the num-
ber of clusters, which, consequently, impairs the performance in relation to that observed
when clustering verb instances.
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Fig. 6 Semantic role induction results achieved using different contextualized representations of verb
arguments. The horizontal axes refer to the neighboring threshold used to create the edges
Regarding the information provided by the multiple levels included in ELMo repre-
sentations, in Fig. 6b and the second block of Table 5, we can see that, in this case, the
context-free representation is the less informative of the three. This was expected, consid-
ering that the semantic roles are generic and, thus, they are typically not related to specific
words, but rather to the dependencies between the arguments and the verb. Furthermore,
Table 5 Semantic role induction results achieved using different contextualized representations of
verb arguments
d Edges CC Clusters Purity F1 BCubed F1
BERT 0.37 348,761 0.81 2.00±0.00 57.27±0.00 45.69±0.00
Context-Free 0.90 157,154 0.55 4.47±0.88 65.30±0.69 52.28±0.76
Syntactic Context 0.78 146,978 0.57 3.57±0.88 68.44±5.34 55.85±4.13
Semantic Context 0.73 97,442 0.56 5.93±1.00 71.88±1.61 56.91±1.94
Free + Syntactic 0.84 140,768 0.56 3.80±0.98 65.41±1.05 52.89±0.77
Syntactic + Semantic 0.73 101,180 0.57 5.63±0.80 70.66±3.29 56.36±2.11
All 0.78 143,273 0.57 4.40±0.61 67.97±3.50 54.41±2.82
The first row refers to BERT representations, the second block to the different levels of ELMo representations, and the third block
to combinations of those levels. d refers to the neighboring threshold. CC refers to the clustering coefficient
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Fig. 7 Semantic role induction results achieved using information regarding the verb. The horizontal axes
refer to the neighboring threshold used to create the edges
in this case, independently, the level that captures semantic context leads to the highest
performance andmore robustness to changes in the neighboring threshold in comparison
to the remaining levels. This makes sense considering that the verbs and their arguments
are typically sequential in the segments that contain them. Thus, the representation of the
arguments generated by the semantic context layer contain information regarding their
relation to the verb, which is highly related to the semantic roles they play.
Figure 6c and the third block of Table 5 show that including the context-free informa-
tion is always harmful, even in combination with the remaining levels. On the other hand,
the combination of the levels that provide syntactic and semantic context leads to simi-
lar performance to that achieved using the semantic context level on its own. Since the
combination considers additional information, we used it in subsequent experiments, in
an attempt to improve the ability of the approach to generalize to scenarios in which the
semantic roles are played in different contexts.
Verb information
As discussed in “Contextualized representation” section, the generic semantic roles
describe the roles played by the arguments with respect to the action or state described by
the verb that evokes the semantic frame. Thus, information regarding the verb can pro-
vide cues for the unsupervised induction of semantic roles. Figure 7 and Table 6 show the
results achieved in the experiments in which we explicitly included information regard-
ing the verb. We can see that both the sum and the concatenation of the verb instance
representation to that of the argument still lead to an underestimation of the number
of clusters and reduce the performance in relation to when using the representation of
the argument on its own. On the other hand, the subtraction of the verb representation
from that of the argument leads to an overestimation of the number of clusters and a
performance improvement of 1.84 percentage points in terms of BCubed F1. This con-
firms that this subtraction operation is actually able to isolate the relation between the
argument and the verb. Furthermore, the results suggest that this representation is more
robust to the non-determinism of the Chinese Whispers algorithm. Overall, even though
Table 6 Semantic role induction results achieved using information regarding the verb
d Edges CC Clusters Purity F1 BCubed F1
Sum 0.58 77,388 0.57 5.00±0.00 57.33±0.09 49.40±0.10
Subtraction 0.59 30,635 0.55 56.33±0.94 71.88±0.14 58.20±0.06
Concatenation 0.64 93,029 0.59 3.33±0.47 60.64±1.43 50.82±1.52
d refers to the neighboring threshold. CC refers to the clustering coefficient
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Fig. 8 Semantic role induction results according to the weighting of the edges. The horizontal axes refer to
the neighboring threshold used to create the edges
this representation is more discriminative than that of the argument on its own, the top
performance on the development set is 58.20% in terms of BCubed F1, which shows that
there is still a significant amount of semantic information that it is not able to capture or
that the distance metric is not the most appropriate for capturing semantic similarity.
Edgeweighting
Figure 8 shows that, similarly to what happens when clustering verb instances, if the
weights of the edges are not considered, the patterns observed as the neighboring thresh-
old increases are similar to when using a weighted graph. However, Table 7 shows that,
in this case, the difference in top performance is significant, with a decrease of 1.11 and
1.48 percentage points in terms of average Purity F1 and BCubed F1, respectively, when
the weights are not considered. Also similarly to the task of clustering verb instances
according to the semantic frame they evoke, the presence or absence of the edges is more
important for the approach than their weight and all the arguments are merged in a single
cluster if the neighboring threshold is not considered. However, in this case, the weighting
of the edges provides some additional information that is relevant for the unsupervised
induction of semantic roles.
Community detection
Regarding the community detection algorithms, in Fig. 9 and Table 8, we can see that,
once again, the Greedy Modularity algorithm is that with lower performance and the
one which leads to the most distinct evolution patterns as the neighboring threshold
increases, especially regarding the number of clusters. As for the remaining algorithms,
in Fig. 9 we can see that, from a high-level perspective, all of them follow similar patterns
as the neighboring threshold increases. However, the Louvain Method has a smoother
drop after the threshold of highest performance. Furthermore, Table 8 shows that, in con-
trast to what happened when clustering verb instances, the Chinese Whispers algorithm
outperforms the remaining by at least 5.52 percentage points in terms of Purity F1 and
4.45 in terms of BCubed F1. Also, the top performance of the Louvain Method and Label
Propagation approaches is achieved when the number of clusters is underestimated. If we
Table 7 Semantic role induction results according to the weighting of the edges
d Edges CC Clusters Purity F1 BCubed F1
Weighted 0.59 30,635 0.55 56.33±0.94 70.88±0.14 58.20±0.06
Unweighted 0.60 34,164 0.56 43.33±0.94 69.77±0.65 56.72±1.10
d refers to the neighboring threshold. CC refers to the clustering coefficient
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Fig. 9 Semantic role induction results achieved using different community detection algorithms. The
horizontal axis refers to the neighboring threshold used to create the edges
take a closer look into the evolution in terms of Purity F1 and BCubed F1 as the neigh-
boring threshold increases, we can see that it is actually noisy, with several oscillations
around the thresholds of highest performance. This noisy evolution may explain the dif-
ferences in the top performance of the approaches which had equal performance on the
verb instance clustering task.
Results on test data
Although Chinese Whispers outperformed the remaining community detection
algorithms on the development data, for consistency with the experiments regarding the
clustering of verb instances according to the semantic frame they evoke, we also assessed
the performance of the Louvain Method and the Label Propagation algorithm on the
test data. In Fig. 10, we can see that while Chinese Whispers and the Label Propagation
algorithm follow patterns similar to those observed on the development set, the Lou-
vain Method follows a distinct pattern, exacerbating the slight difference observed on the
development set. Furthermore, as shown in Table 9, it is the one with the largest differ-
ence, 0.17, between the top performing neighboring thresholds on the development and
test data. However, the highest difference in performance when comparing the use of both
thresholds is observed for the Label Propagation algorithm, with a difference of 8.90 and
7.54 percentage points in terms of Purity F1 and BCubed F1, respectively. On the other
hand, when using Chinese Whispers, the corresponding differences are of just 0.51 and
0.65 percentage points, which, once again, reveals its ability to generalize. However, when
using the development threshold, the number of clusters is further overestimated.
Analyzing the best approach in more detail, in Fig. 11, we can see that, contrasting
with what happened in the verb instance clustering task, precision and recall decrease
and increase at similar velocities, respectively. Nonetheless, in this case, there is a noisy
evolution with several oscillations after the threshold of highest performance. Still, since
the development threshold is lower than the best threshold for the test data, that noisy
evolution has no impact on the task.
Table 8 Semantic role induction results achieved using different community detection algorithms
d Edges CC Clusters Purity F1 BCubed F1
Chinese Whispers 0.59 30,635 0.55 56.33±0.94 70.88±0.14 58.20±0.06
Louvain Method 0.68 77,659 0.59 9.33±0.47 65.36±0.08 52.84±0.24
Label Propagation 0.66 63,742 0.58 15.00±0.00 64.00±0.00 53.75±0.00
Greedy Modularity 0.59 30,635 0.55 54.00±0.00 60.94±0.00 46.45±0.00
d refers to the neighboring threshold. CC refers to the clustering coefficient
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Fig. 10 Semantic role induction results on the test data. The horizontal axes refer to the neighboring
threshold used to create the edges
By inspecting the generated clusters we noticed that, similarly to what happened in the
verb instance clustering task, the overestimation of the number of clusters is partially
explained by single-instance clusters containing outliers of larger clusters.
Additionally, the approach clearly fails to distinguish arguments that play the co-theme
and topic roles from those that play the more generic theme role. The co-theme role is
attributed to arguments when there are multiple themes in a semantic frame and all of
them participate equally. Thus, a possible solution to this problem is to also consider
information regarding the remaining arguments. However, it must be distinguishable
from that regarding the argument that is being focused. A topic is a type of theme that
is specific to verbs of communication. Thus, from the community detection perspec-
tive, it actually corresponds to a sub-community. The community detection algorithms
we explored are not able to identify sub-communities directly. A possible approach to
this problem is to perform a second community detection step, in which the algorithm is
applied to the members of each of the communities detected in the first step.
The remaining problems with the generated clusters refer to the distribution of argu-
ments that play the same role among several clusters, as well as the merging of arguments
that play several different roles in the same cluster. This confirms that, as the results
on the development data suggested, either the representations of the arguments or the
distance metric are not able to capture all the similarity information required to induce
generic semantic roles. Thus, we intend to check whether fine-tuning the representations
to sentence similarity tasks can lead to improved performance on semantic role induction.
Clustering arguments into semantic frame slots
Since our approach for inducing semantic frame slots consists of combining the induced
semantic role for an argument with the semantic frame evoked by the corresponding verb,
Table 9 Semantic role induction results on the test data
d Edges CC Clusters Purity F1 BCubed F1
CW Dev. Threshold 0.59 525,265 0.47 207.33±1.25 64.96±0.26 48.85±0.33
CW Best Threshold 0.63 884,614 0.47 75.00±2.45 65.47±0.58 49.50±0.66
LM Dev. Threshold 0.68 1,725,277 0.47 13.33±0.47 55.12±1.81 38.64±1.40
LM Best Threshold 0.85 14,195,334 0.60 4.00±0.00 60.57±0.45 43.72±0.70
LP Dev. Threshold 0.66 1,319,897 0.47 38.00±0.00 55.83±0.00 40.92±0.00
LP Best Threshold 0.65 1,154,382 0.47 43.00±0.00 64.73±0.00 48.46±0.00
d refers to the neighboring threshold. CC refers to the clustering coefficient. CW, LM, and LP refer to Chinese Whispers, Louvain
Method, and Label Propagation, respectively
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Fig. 11 Precision (purity) and recall (inverse purity) of the top performing semantic role induction approach
on the test data. The horizontal axes refer to the neighboring threshold used to create the edges
this discussion only covers the results achieved using the top performing approaches to
each of those tasks.
In the first row of Table 10, we can see that the number of clusters induced on the
development set is close to the gold standard of 102. However, even though the semantic
frame induction approach has high performance on this set, the overall performance is
impaired by the lower performance on semantic role induction.
The remaining rows of Table 10 show the results achieved on the test set, using either
the neighboring thresholds computed on the development data, or the thresholds that
led to highest performance on the test sets for semantic frame and semantic role induc-
tion. It is interesting to observe that the highest performance is achieved when using the
development thresholds, which supports the claim that our approach generalizes well.
Comparison with previous approaches
Although there were already some approaches to unsupervised semantic frame induction
before the shared task in the context of SemEval 2019 (QasemiZadeh et al. 2019), we
cannot compare them to ours directly, since they can only be applied to verb instances
with certain characteristics, such as a fixed number of arguments. Similar restrictions
occur for previous approaches on semantic role induction. Thus, we only compare our
results with those of the approaches that competed in that shared task.
Starting with the clustering of verb instances into the semantic frames they evoke, the
approach with the highest performance in the competition was that by Arefyev et al.
(2019). As described in “Related work” section, it is a two-step clustering approach of
contextualized representations generated by BERT, which starts by generating a small set
of clusters containing instances of verbs which have at least one sense that evokes the
same frame and then clusters the verb instances of each of those clusters independently to
distinguish the different frames that are evoked according to the different senses. Anwar
Table 10 Semantic frame slot induction results
Clusters Purity F1 BCubed F1
Development 96.33±4.89 80.57±2.34 73.91±2.58
Test (Dev. Thresholds) 852.20±61.99 66.70±2.26 56.76±2.38
Test (Test Thresholds) 613.30±65.33 65.95±2.18 55.39±1.69
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Table 11 Comparison of semantic frame induction results with those of previous approaches in
terms of performance on the test data
Purity F1 BCubed F1
Baseline 73.78 65.35
Ribeiro et al. (2019) 75.25 65.32
Anwar et al. (2019) 76.68 68.10
Arefyev et al. (2019) 78.15 70.70
Our Approach (Dev. Threshold) 79.97 73.07
et al. (2019) used a more simplistic approach based on the agglomerative clustering of
contextualized representations of the verb instances, with the number of clusters defined
empirically.
Table 11 shows the results of those approaches in comparison to ours and the
one-frame-per-verb-lemma baseline. First of all, it is important to note that while
Ribeiro et al. (2019) approach, on which ours is based, performed similarly to the base-
line in terms of BCubed F1, the updated approach described in this article outperforms
it by 4.37 and 7.72 percentage points in terms of Purity F1 and BCubed F1, respectively.
This shows the importance of discarding the semantic context provided in the ELMo
representations and, most importantly, of identifying a neighboring threshold that allows
the approach to generalize. Furthermore, our approach also outperforms the more com-
plex approach by Arefyev et al. (2019) by 2.37 percentage points in terms of BCubed F1.
Consequently, it achieves the current state-of-the-art performance on the task.
Moving to the subtask of clustering verb arguments into semantic roles, both Arefyev et
al. (2019) and Anwar et al. (2019) achieved their best results by training a logistic regres-
sor on the development data. As features, both used embedding representations of the
arguments, as well as handcrafted morphosyntactic features. However, since these are
supervised approaches, they did not qualify for the task. Thus, Anwar et al. (2019) also
explored the application of agglomerative clustering to the same set of features.
Table 12 shows the results of those approaches in comparison to ours and the one-
role-per-dependency-label baseline. We can see that our approach outperforms the
baseline by 8.91 percentage points in terms of Purity F1 and 9.82 percentage points in
terms of BCubed F1. Furthermore, it outperforms (Ribeiro et al. 2019), which was the
winner of the competition, by 3.19 percentage points in terms of BCubed F1, achiev-
ing the current state-of-the-art performance on unsupervised semantic role induction
on this dataset. However, the performance is still under 50% and 15.19 percentage
points below that of Arefyev et al. (2019) supervised approach. This confirms that
the identification of the semantic roles of verb arguments is easier to approach as a
Table 12 Comparison of semantic role induction results with those of previous approaches in terms
of performance on the test data
Purity F1 BCubed F1
Baseline 56.05 39.03
Ribeiro et al. (2019) 64.10 45.66
Anwar et al. (2019) 62.00 42.10
Arefyev et al. (2019) 77.47 64.04
Our Approach (Dev. Threshold) 64.96 48.85
The results of (Arefyev et al. 2019) are crossed because they were obtained using a supervised approach
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supervised problem and that better representations and similaritymetrics are required for
their unsupervised induction.
Finally, for the subtask of clustering verb arguments into semantic frame slots, all the
participants of the SemEval shared task combined the clusters obtained for the other
two tasks, which assumes that frame slots are simply semantic roles in context. Table 13
compares the performance of our approach with that of those systems, as well as the
combination of the baselines for the other two tasks. We can see, once again, that our
approach outperforms the winner of the competition. In this case, the improvement is
4.60 percentage points in terms of Purity F1 and 7.47 percentage points in terms of
BCubed F1. However, it is still outperformed by (Arefyev et al. 2019) approach, which
is supervised for the induction of semantic roles. Since the difference in performance is
lower than that observed for semantic role induction, we expect our semantic frame slot
induction approach to perform significantly better if the semantic roles of the arguments
are more accurately predicted.
Conclusions
In this article we have approached the unsupervised induction of semantic frames and
semantic roles as community detection problems applied to networks with the verb
instances or arguments as nodes, with two nodes connected by an edge if the cosine dis-
tance between their contextualized representation is below a threshold that defines the
granularity of the induced frames or semantic roles. Conversely, the similarity between
contextualized representations is used to weight the edges, with a higher weight attributed
to edges between more similar nodes.
We have shown that when clustering verb instances into semantic frame heads, the
best performance is achieved when using contextualized representations given by the
combination of the context-free and syntactic context levels of ELMo representations
(Peters et al. 2018). Complementing the context-free representation with context infor-
mation allows the distinction of polysemic verbs, which evoke different frames according
to the context (Rumshisky and Batiukova 2008). On the other hand, when clustering
verb arguments into semantic roles, a higher performance is achieved by discarding the
context-free representation and relying solely on the contextualized representations given
by the combination of the syntactic and semantic context levels. The context-free rep-
resentation has a negative impact in this scenario since semantic roles are not related
to specific words, but rather to the dependencies between the verbs and the arguments.
Consequently, the highest performance on this task was achieved by focusing even more
on those dependencies, through the subtraction of the verb instance representation from
that of the argument.
Table 13 Comparison of semantic frame slot induction results with those of previous approaches in
terms of performance on the test data
Purity F1 BCubed F1
Baseline 57.99 45.79
Ribeiro et al. (2019) 50.99 42.75
Anwar et al. (2019) 62.10 49.49
Arefyev et al. (2019) 73.11 64.43
Our Approach (Dev. Thresholds) 66.70 56.76
The results of Arefyev et al. (Arefyev et al. 2019) are crossed because they were obtained using a supervised approach
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Additionally, we have observed that the weighting of the edges is not as impor-
tant as their existence, but it can make the approach more robust to changes in
the neighboring threshold. Furthermore, among the community detection algorithms
explored in our study, Chinese Whispers (Biemann 2006) leads to the highest per-
formance and generalization ability. This is consistent with previous studies which
revealed the high performance of Chinese Whispers on unsupervised NLP tasks
(Biemann 2006, Ustalov et al. 2017).
We have performed our experiments on the benchmark dataset defined in the con-
text of SemEval 2019 Task 2 (QasemiZadeh et al. 2019), which allows us to compare our
results with those of previous approaches. In this context, the most important step is
to identify the threshold that defines correct granularity according to the gold standard
annotations. We did so by performing local optimization on the development data and
used the same fixed threshold on the test data. This way, we solved the main issue of the
approach on which ours was based, which was its lack of generalization ability. In fact, the
difference between the best threshold on the development set and that which would lead
to the best performance on the test set was of just 0.02 when clustering verb instances into
semantic frame heads and 0.04 when clustering arguments into semantic roles. Further-
more, when clustering arguments into semantic frame slots, which we did by combining
the semantic role of the argument with the semantic frame evoked by the correspond-
ing verb, the highest performance was achieved when using the thresholds computed
on the development data.
Using this approach, we were able to outperform the winners of each subtask in the
context of the SemEval shared task. More specifically, it outperformed Arefyev et al.
(2019) more complex approach to cluster verb instances into semantic frame heads by
2.37 percentage points in terms of BCubed F1. Furthermore, it outperformed Ribeiro
et al. (2019) approach to semantic role induction and Anwar et al. (2019) approach
to semantic frame slot induction by 3.19 and 7.47 percentage points, respectively.
Thus, our approach achieves the current state-of-the-art performance on unsupervised
semantic frame induction.
Although we were able to outperform all the previous approaches on the task, the
73.07% BCubed F1 score achieved on semantic frame induction on the test data shows
that the approach is not able to capture all the information required to induce FrameNet-
like frames and that there is still room for improvement. The 48.85% BCubed F1
score achieved on semantic role induction in comparison to the 64.04% achieved by
Arefyev et al. (2019) using a supervised approach reveals the difficulty of approaching this
task in an unsupervised fashion and the need for better contextualized representations or
similaritymetrics. In this context, themost straightforward approach that can be explored
in the future is the fine-tuning of the ELMo and BERT (Devlin et al. 2019) models to sen-
tence similarity tasks, in an attempt to generate contextualized representations that are
more appropriate for semantic frame and semantic role induction. In fact, Reimers and
Gurevych (2019) have shown that tuning the BERT model to such tasks leads to the gen-
eration of sentence representations that can be compared in terms of cosine similarity.
Thus, it is possible that the same will occur for the contextualized word representations
that it generates.
Another possible path that can be explored in the future is the use of multilayer or mul-
tiplex networks Kivelä et al. (2014), either using the same features as (Lang and Lapata
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2014), the multiple levels of ELMo representations, or the combination of several syn-
tactic and semantic conceptual associations between words that have been used to build
multilayer networks in the context of other computational linguistics tasks. For instance,
Massimo et al. Stella et al. (2018) proposed amultiplex network representation of amental
lexicon of word similarities to investigate large-scale cognitive patterns, where each layer
represents the semantics, phonology, and taxonomy of the English lexicon, and identi-
fied a cluster of words which are used with greater frequency, are identified, memorized,
and learned more easily, and have more meanings than expected at random. This cluster
is the largest viable cluster across all layers. In another application, (Siew and Vitevitch
2019) studied the interplay between orthographic influence on spoken word recognition
and phonological influence on visual word recognition, creating a phonographic network
language, in which links are placed between words if they are both phonologically and
orthographically similar to each other, that is, if they overlap in both the phonological and
orthographic layers. The advantage of using networks of this kind is that there are dis-
tance metrics which have been shown to be informative in terms of semantic similarity
(Kenett et al. 2017).
By analyzing the clusters that were generated in the context of the semantic frame
induction task, we noticed that the approach is currently unable to distinguish verb
instances that evoke different semantic frames that are only distinguishable by the type
of the arguments. This suggests that the contextualized representations of the verb
instances are not capturing enough information regarding the arguments. Thus, a possi-
ble approach to address this issue is generating combined embeddings for the verb and its
arguments, such as the event embeddings proposed by Modi and Titov (2014). However,
similarly to fine-tuning the ELMo and BERT models, these embeddings must be trained
for a subsequent task in a supervised fashion.
On the other hand, by analyzing the clusters that were generated in the context of the
semantic role induction task, we noticed that one of the problems of the approach is
its inability to distinguish arguments that play a semantic role that is a specialization of
another, more generic, role. A possible approach to this problem that can be explored in
the future is to perform a second community detection step, in which the algorithm is
applied to the members of each of the communities detected in the first step, in order
to identify sub-communities. This has similarities to the two-step approach proposed by
Arefyev et al. (2019) for semantic frame induction.
Still regarding semantic roles, since there is a set of core semantic roles that are com-
mon across most theories, we also want to explore their recognition in a supervised
fashion, similarly to Arefyev et al. (2019). This way, we can also improve the performance
of our approach to the induction of semantic frame slots. Furthermore, we can explore
the use of our graph-based approach in a semi-supervised fashion. That is, we create a
network with both the development and test instances, initialize the labels of the devel-
opment nodes with the corresponding semantic roles, and then let them propagate across
the whole network.
Finally, another direction that can be explored in the future concerns the incremental-
ity of the approach and its ability to identify the semantic frames evoked by new verb
instances and the semantic roles played by their arguments. In this context, the pro-
cess of updating the network in an incremental fashion is similar to creating the whole
network at once. That is, given the contextualized representation of a new instance, the
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corresponding node can be added to the network. Then, the distance between the con-
textualized representation of that instance and those of all the other nodes in the network
must be computed in order to identify its neighbors, according to the granularity thresh-
old d. Finally, the corresponding weighted edges between the new node and its neighbors
are added to the network.
As the network grows in size, computing the distance between a new node and all the
others in the network becomes a more expensive process. Thus, it may be necessary to
explore processes to reduce the number of distance calculations. A possible approach is
to index the nodes as a grid in the representation space, sized according to the granular-
ity threshold. This way, nodes that are not in the same cell or in a neighbor one can be
discarded without distance computation. However, for high thresholds, the reduction in
number of calculations may not be significant. Another approach is to define a similar-
ity threshold, s, that limits the addition of new nodes to the network. More specifically, if
the distance between a new node and any other in the network is below s, then it is con-
sidered the same node and is not added to the network. Finally, an additional approach is
to compress the network from time to time, by selecting a set of representative nodes for
each cluster and discarding the remaining, mapping the edges of the discarded nodes to
the representatives. However, the application of the last two approaches, and especially
the last one, implies loss of information and may require an updated weighting function,
which includes information regarding the number of nodes compressed in a single one.
Thus, the applicability of these approaches and the balance between them is a complex
problem on its own.
After identifying the communities in a network, identifying the community to which
a new node belongs is a simple process. When using an algorithm based on label prop-
agation, the community of a new node can be identified by propagating the labels
of its neighbors, similarly to how classes are predicted in weighted nearest neighbors
approaches. On the other hand, when using algorithms based on modularity, the com-
munity can be identified by calculating the modularity when the new node is attributed
to each of the communities its neighbors belong to and selecting that which leads to
the highest modularity. However, both cases imply that the communities are fixed after
the initial application of the community detection algorithm. That is, there is no con-
tribution from new nodes. In an incremental scenario, the communities are expected
to change dynamically. A simple approach to handle this issue is to run the community
detection algorithm every time the network changes. Nonetheless, that is a computa-
tionally expensive process and, since most community detection algorithms involve some
kind of non-determinism, there is the problem of matching the identified communi-
ties with those that existed before. Thus, instead of starting from scratch, the approach
can start with the previously identified communities, attribute a new label to every new
node in the network, and then continue the application of the community detection
algorithm until convergence. However, this typically leads to the absorption of the new
nodes into the existing communities and, consequently, the identification of new com-
munities rarely occurs. Thus, a balance has to be found between starting from scratch
and only propagating the existing communities to the new nodes. This can be done by
identifying a set of nodes in the network that are expected to be impacted by the new
node and relying solely on that set to update the communities. Approaches for identify-
ing such a set of nodes have been explored in the context of both label propagation (e.g.
Ribeiro et al. Applied Network Science            (2020) 5:69 Page 30 of 32
Asadi and Ghaderi 2018) and modularity-based (e.g. Zarayeneh and Kalyanaraman 2019)
algorithms.
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